ABSTRACT. Benign environmental effects, including temperature and surface condition changes, can adversely affect the performance of an ultrasonic structural health monitoring system because ultrasonic waves are sensitive to such changes as well as to damage. Compared to temperature, the problem of surface condition changes is more difficult to formalize because of their variability in terms of type, location and extent. In this paper, we systematically investigate the effects of surface wetting with a simplified experiment where well controlled water drops are added onto the surface of a specimen in conjunction with damage. The approach is to find selective features which are sensitive to damage but insensitive to the applied surface wetting. Features considered are derived from the time domain ultrasonic signals and their matching pursuit decompositions. Experimental results show good performance in detecting damage in the presence of the applied surface wetting, and provide a set of differential features with potential for dealing with the problem of surface wetting for ultrasonic structural health monitoring systems.
INTRODUCTION
Environmental variations such as temperature and surface condition changes can substantiaUy affect the detection of damage for a Structural Health Monitoring (SHM) system. For vibration-based SHM, the effects of environmental changes have become of increasing concern in recent years [1] . For ultrasonic SHM, these effects have not been the subject of much research. Recently, the effects of homogeneous temperature changes have been studied and systematic temperature compensation methods proposed for ultrasonic SHM [2] [3] [4] . However, for the effects of environmental variations other than temperature changes, few published papers can be found. Takatsubo et al. [5] discuss the effects of surface wetting and load on tone burst ultrasonic waves using ultrasonic spectroscopy. Sohn et al. [6] investigate the use of wavelet-based active sensing to extract selective features for discriminating boundary and temperature changes of plate-like specimens.
The purpose of this paper is to systematically investigate the effects of surface wetting on ultrasonic SHM for damage detection. A well controlled incremental surface wetting procedure is applied to an aluminum specimen at various damage levels. The method of analysis is to first calculate differential features between a monitored signal and an undamaged baseline, and then determine which features are most sensitive to damage while simultaneously remaining relatively insensitive to surface wetting.
EXPERIMENTS
The specimen under consideration was a square aluminum plate with a large through thickness hole located in its center as shown in Fig. 1 . This specimen geometry is chosen to facilitate the generation of diffuse-like reverberating ultrasonic waves typical of a bounded structural component. Damage was simulated by a small through thickness hole whose diameter was enlarged in 0.5 mm steps from 1 mm to a final diameter of 6 mm. In the undamaged condition and for each step of damage, well-controlled incremental surface wetting was applied to the specimen by adding water into the left end of an area constrained by an O-ring glued between transducers # 1 and #2, as shown in Fig. 1 . The specimen was tilted with the right side slightly higher than the left side. Therefore, with each step of adding water, the water area on the surface increased towards the right end of the O-ring. The entire area of the O-ring was covered with water after 13 steps of approximately 0.12 ml per step. Three more 0.12 ml steps were added to increase the thickness of the water layer, resulting in a total of 16 steps (approximately 1.92 ml total).
For each damage level and surface wetting condition, all six through-transmission ultrasonic signals were recorded as an average of 50 waveforms at 12.5 MHz and for a duration of 1000 /us. For each transducer pair, the first transducer was excited by an impulsive excitation and the second transducer received the signal. The received ultrasonic signals are diffuse-like with many reverberations because of the broadband excitation, bounded specimen geometry, and long time of flight. Measured data are summarized in Table 1 , where each set contains six signals from the six transducer pairs. 
ANALYSIS
In this paper, the approach for distinguishing surface condition changes from damage is to extract features that are mainly sensitive to damage but insensitive to surface wetting. Such an approach has been considered by others [1] . Here, we propose six differential features for diffuse ultrasonic signal analysis. These features are referred to as differential because they are calculated based on the comparison between a baseline signal from the undamaged specimen and a monitored signal. Four of these six features are calculated in the time domain and have been used in prior applications of ultrasonic damage detection [3, 7] , and the other two are derived from the matching pursuit decomposition of diffuse ultrasonic waves [8] .
Normalized Mean Square Error
In [3] , a direct subtraction method was proposed to quantify the match of two diffuse ultrasonic waveforms. Consider a waveform y(t) that is to be compared to a baseline waveform x(t). To eliminate the effects of amplitude differences, both waveforms are normalized in amplitude to obtain scaled waveforms yXt) and x'(/). The monitored waveform y'(0 is normalized to unit energy.
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The baseline waveform x{t) is then scaled to minimize the mean squared error between it and the unity energy monitored signaly'(Oj
The normalized mean squared error of the difference between the two scaled signals is calculated as,
This value is a measure of how closely the shapes of the two signals match.
Loss of Local Coherence
It has been demonstrated that structural damage wiU cause changes in the shape of recorded diffuse uhrasonic signals [3] . This shape distortion can be quantified by the decrease of the peak coherence, Cxy(tc),
Here R^y is the short time cross correlation between a baseline x{t) and a monitored signal y{t), tc is the center of a time window, and T is the time lag.
R,yi^,tc)=\ ['' x(t)y(t-T)dt; T>0
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x(t)y(t-T)dt; T>0.
In [3] , the authors proposed a feature based on the peak coherence. This feature is defined as the difference between the maximum and average values of C^yit^,
An increase in P^y means increased waveform shape changes compared to the baseline.
Loss of Correlation
The correlation coefficient indicates the overall match in waveform shape between two signals, and has been used as a basic differential feature for ultrasonic damage detection [9] . It can be expressed as,
where /u^ and /Uy are the mean values of the two signals, and oi and Oy are the standard deviations. To be consistent with other features in that a small feature value corresponds to a better waveform match, the feature used here is the loss of correlation [7] ,
Differential Curve Length
Mathematically, curve length is used to measure the length of a smooth curve. If we consider a signal as a curve, then curve length is related to the complexity of the signal. Here, we calculate the differential curve length, DCL, of the residual signal d(ri) after subtracting the baseline from the monitored signal. If two sampled waveforms x(t) andy(/) are the baseline and monitored signals, respectively, and both are of length A', then.
and
1 It should be noted that this definition is the not same as calculating the curve length of each signal and then subtracting the results.
Matching Pursuit Based Features
Matching pursuit is a signal decomposition method whereby a signal is decomposed into a linear combination of basis functions [10] . Matching pursuit has typically been applied to ultrasonic signal analysis for the purpose of identifying or estimating echoes. In [8] , a unique numerical implementation method of matching pursuit decomposition is proposed and implemented for the analysis of diffuse ultrasonic signals.
Using the methods in [8] , a baseline signal is decomposed and represented by a set of characteristic wavelets. Each wavelet is quantified by the five parameters^, (p, u, s, and ^, corresponding to the amplitude, phase, time, scale, and frequency of the wavelet. For a monitored signal, a constrained matching pursuit decomposition is applied in which the shape of each characteristic wavelet is forced to be the same as was determined from the baseline (i.e., (p, s, and ^ are fixed), but the magnitude and time {A and u) are allowed to change. The idea of the decompositions is to transfer the comparison between the baseline and monitored signals to a comparison of their corresponding characteristic wavelets. The constrained decomposition is implemented to reduce undesired changes in the wavelet parameters, such as could be caused by noise, which may lead to an invalid comparison.
Here, two differential features based on the comparison of the amplitudes of the characteristic wavelets are proposed,
MP_P2P=ms&{MJ-mm{MJ,
where
In the above equations, M is the number of characteristic wavelets, and A'^ and A^ are the amplitudes of the wavelets for the monitored signal and the baseline signal, respectively.
RESULTS
The selectivity of these six features can be evaluated from the experimental data. Table 1 is used as the baseline. For each damage level and surface wetting condition, one feature value is calculated. From Fig. 2(a) , one can see that the feature value increases strongly as the hole size increases, but only changes slightly as the amount of water increases. This pattern of selectivity is also observed for the other five features.
In Fig. 2(a) Table 1 , signals corresponding to the dry surface condition; i.e., signal set (0,j), are used as the baselines for all wetting conditions for that damage level, i.e., signal sets Qj) for / from 1 to 16. This calculation is illustrated in Fig. 2(b) for the feature "Loss of Correlation", and the increase of feature value in the last three wetting steps is dramatic. In these steps, the whole area of the O-ring is covered by water and the water layer thickness has increased, which suggests that it will be more difficult to separate thicker layers of water from structural damage than thinner layers.
The statistical performance of a feature can be evaluated from a receiving operating characteristic (ROC) curve. An ROC curve is made by sweeping the damage detection threshold from high to low throughout the range of feature values. For each threshold value, the false alarm rate (FAR) is calculated from signals for which no damage has occurred, and the corresponding probability of detection (PoD) is calculated from signals for which there is damage. The ROC curve is the graph of PoD vs. FAR. For the example shown in Fig. 2(a) , all feature values except for the row corresponding to hole size 0 can be treated as from the damaged specimen. In Fig, 2(b) , differential feature values along the direction of water increase do not have damage as a variable, and thus all values can be treated as being calculated from an undamaged specimen.
In the experiment reported here, four transducers provide six independent transducer pairs. For each transducer pair, six differential features are calculated as described in the previous section, and for each feature, the ROC curve is constructed to evaluate performance. The overall results are shown in Fig. 3 .
The ROC curves provide an efficient way to select features for a given application. For instance, features "MSB", "Loss of Correlation", and "Differential Curve Length" are generally the best three for all transducer pairs for the data reported here. On the other hand, the performance of features varies for different operating points or transducer pairs. For example, as can be seen in Fig. 3(a) , feature "MP_STD" is the second best for transducer pair 1-2 at some operating point on the ROC curve. It can be seen that transducer pair 1-2 has the poorest performance in that the best ROC curve in Fig. 3(a) is further from the upper left comer compared to the other pairs. This result is not unexpected because the surface wetting area is directly in-line with transducer pair 1-2 and thus affects its signals more strongly than the other pairs. In summary, features with high selectivity can be identified using ROC curves, and the best operating point (i.e., detection threshold) for a desired PoD and FAR can be selected. These features could be used individually for damage detection, or a combined use of all features from all transducer pairs could be applied using data fusion methods to achieve a better overall performance [11] .
CONCLUSIONS
The effects of surface wetting on ultrasonic SHM are investigated for the goal of discriminating surface wetting from damage. Six differential features derived from the time domain and matching pursuit decomposition are proposed and implemented using the experimental data. These features are demonstrated to be mainly sensitive to damage while having a reduced sensitivity to moderate surface wetting. While ROC curves can be used to generally select features with high selectivity to damage, feature and sensor fusion are expected to provide better overall results because the performance of features varies for different operating points and different transducer locations.
